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Large-scale deep learning 
Considerable success ➔ 2024 Physics & Chemistry Nobel Prizes, 2018 Turing Award.

http://www.julyanarbel.com
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Bayesian deep learning 
Emerged in the 90s: works by Neal and Mackay on Bayesian neural networks 
➔ Addressing deep learning challenges by merging the advantages of the robust 
mathematical foundations of Bayesian inference with the practical effectiveness 
of deep learning methods. 

Source: The Very Basics of Bayesian Neural Networks

http://www.julyanarbel.com
https://sanjaykthakur.com/2018/12/05/the-very-basics-of-bayesian-neural-networks/
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Bayesian neural networks: out-of-distribution

BNNs are simply NNs that can 
respond “I’m not sure” 

Why is it important? Need to 
consider out-of-distribution (OOD) 
samples.  

For example, train a BNN on MNIST, 
and ask to predict on letters instead 
of digits.

http://www.julyanarbel.com
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• What prior distribution  
  is induced on the units 
  by a prior on the weights? 
• Impact of width? 
• Impact of depth?
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When the network's width tends to infinity? 
Central limit theorem, Gaussian process 
Edge of Chaos, Neural tangent kernel

1

• What prior distribution  
  is induced on the units 
  by a prior on the weights? 
• Impact of width? 
• Impact of depth?
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When the network's width tends to infinity? 
Central limit theorem, Gaussian process 
Edge of Chaos, Neural tangent kernel

1

2 When the network's width is kept fixed? 
Heavy-tails, sub-Weibull distribution, Weibull-tails 
Sparsity inducing

• What prior distribution  
  is induced on the units 
  by a prior on the weights? 
• Impact of width? 
• Impact of depth?
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When the network's width tends to infinity1
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When the network's width tends to infinity1
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A one-hidden-layer neural network, whose width goes to infinity, and 
which has a Gaussian prior on all the parameters, converges to a 
Gaussian process with a well-defined kernel (Neal, 1996). 

When the network's width tends to infinity1

<latexit sha1_base64="zhvNkmGaLbDydsSD1A1Hlp+WTx0=">AAAB8XicbZDLSsNAFIYn9VbjrerSTbAIrkoiom7EopsuK9gLNqFMppN26GQmzJwIIfQt3LhQRJc+iHs34ts4bV1o6w8DH/9/DnPOCRPONLjul1VYWFxaXimu2mvrG5tbpe2dppapIrRBJJeqHWJNORO0AQw4bSeK4jjktBUOr8Z5644qzaS4gSyhQYz7gkWMYDDWbc0H6TMRQdYtld2KO5EzD94PlC/e7fPk9dOud0sffk+SNKYCCMdadzw3gSDHChjhdGT7qaYJJkPcpx2DAsdUB/lk4pFzYJyeE0llngBn4v7uyHGsdRaHpjLGMNCz2dj8L+ukEJ0FORNJClSQ6UdRyh2Qznh9p8cUJcAzA5goZmZ1yAArTMAcyTZH8GZXnofmUcU7qRxfu+XqJZqqiPbQPjpEHjpFVVRDddRABAl0jx7Rk6WtB+vZepmWFqyfnl30R9bbNxRulDE=</latexit>

H ! 1
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A deep neural network, where all layers widths go to infinity, and 
which has a Gaussian prior on all the parameters, converges to a 
Gaussian process with a well-defined kernel (Matthews et al., 2018). 

When the network's width tends to infinity1
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When the network's width is kept fixed?2
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When the network's width is kept fixed?2
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Assumptions.

When the network's width is kept fixed?2
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Assumptions.

Theorem. sub-Weibull units.

When the network's width is kept fixed?2
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Theorem.

When the network's width is kept fixed?2
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When the network's width is kept fixed?2
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SUB-WEIBULL 
(UPPER BOUND)

GENERALIZED WEIBULL-TAIL 
(PRECISE DESCRIPTION)

Sub-Weibull 
(upper bound)

Generalized Weibull-tail 
(precise descripeon)

Mariia Vladimirova, Stéphane Girard, Hien D Nguyen, and Julyan 
Arbel.  
Sub-Weibull distributions: generalizing sub-Gaussian and sub-
Exponential properties to heavier-tailed distributions. Stat, 2020.

Mariia Vladimirova, Julyan Arbel, and Stéphane Girard.  
Bayesian neural network unit priors and generalized 
Weibull-tail property. ACML, 2021.

http://www.julyanarbel.com
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Posterior computations
Armed with a prior for our BNN, we still need to work out the posterior. 

The BNN posterior is highly intractable. 

Can’t calculate? Then approximate! 

1. Approximate inference algorithm 

2. Implementation of that algorithm

<latexit sha1_base64="hIeJwe0KSM/N3y7UmrYh+rBJWD8="></latexit>

p(ω | D)
︸ ︷︷ ︸

posterior dist.

=

likelihood︷ ︸︸ ︷
p(D |ω)

prior dist.︷ ︸︸ ︷
p(ω)

∫
p(D |ω) p(ω)dω

︸ ︷︷ ︸
marginal likelihood

http://www.julyanarbel.com
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1. Approximate inference algorithm
Different flavors of BDL methods for approximating the posterior 

 Maximum a posteriori (MAP): point estimate 
 MCMC/Hamiltonian MC (Neal, 1996) 
 MC Dropout random masking of neurons at test time (Gal and Ghahramani, ICML, 2016) 
 Variational inference and Laplace approximation: Gaussian approximations 
 Ensemble methods use MAP estimates as their samples.  
 Partially Stochastic Bayesian Neural Networks (Sharma et al. AISTATS, 2023)

http://www.julyanarbel.com
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Maximum a posteriori estimation (MAP)

Rely on SGD to find a maximum a posteriori estimate

<latexit sha1_base64="NL8YcoIPdFh6I0Ot+D9cPL7o3hQ="></latexit>

ω̂ = argmax
ω

p(ω |x1:n, y1:n)

= argmin
ω

→ log p(ω |x1:n, y1:n)

= argmin
ω

→ log p(y1:n |x1:n,ω) → log p(ω)

http://www.julyanarbel.com
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Variational inference (VI)

Goal is to approximate the posterior distribution by specifying an approximate family  
Turns sampling into optimization, minimizing the evidence lower bound (ELBO)

qλ( ⋅ )

<latexit sha1_base64="PueCSjJcJX87vDd42RLvYcCAAOo="></latexit>

p(ω |x1:n, y1:n) =
p(y1:n |x1:n,ω) p(ω)∫
p(y1:n |x1:n,ω) p(ω)dω

→ q(ω |ε) ↭ qω(ω)

Source: Variational Bayesian phylogenetic inference

http://www.julyanarbel.com
https://matsen.fhcrc.org/general/2019/08/24/vbpi.html
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Laplace approximation (LA)

Application of the Laplace method (P.S. Laplace, 1774) to approximate posterior distributions 
by a Gaussian centered at the posterior mode , using the curvature (Hessian)  
of the log-posterior .  
Take the 2nd-order Taylor expansion of  around the MAP estimate .

̂θ
ψ(θ) = log p(θ |x1:n, y1:n)

ψ(θ) ̂θ
<latexit sha1_base64="ODSBT+nWfsvgfv9+Pr6r716buaQ="></latexit>

ω(ω) → ω(ω̂) + (ω ↑ ω̂)
[
. . .

]
+

1

2
(ω ↑ ω̂)→

[
↓2

ω ω(ω)
]

ω̂
(ω ↑ ω̂)

Compare this to the log-p.d.f.~of a multivariate Normal distribution.
<latexit sha1_base64="KR5vv6UXc2lFWioBrqLtLcE+/v4="></latexit>

logN (ω;µ,!) = →1

2
(ω → µ)→ !↑1 (ω → µ) + const.

http://www.julyanarbel.com
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Laplace approximation: predictive posterior
How do we make predictions using the Laplace approximation?

(Daxberger et al., 2021)

http://www.julyanarbel.com
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2. Implementation of the approx. algorithm
Unfortunately, there doesn’t exist (yet) a unique/unified implementation framework. 
There exist quite a few software packages, libraries or probabilistic programming  
languages (PPLs) developed independently by different groups.

http://www.julyanarbel.com
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2. Implementation of the approx. algorithm
Unfortunately, there doesn’t exist (yet) a unique/unified implementation framework. 
There exist quite a few software packages, libraries or probabilistic programming  
languages (PPLs) developed independently by different groups.

-> some algo. might only work with some normalization 
   (layer norm vs. batch norm) or might not work 
with low-precision weights. 
-> need for more user-friendly tools for layman 
practitioners 

 Laplace inference: laplace-torch 
 https://github.com/aleximmer/Laplace 
 TyXe: Pyro-based BNNs for Pytorch users 
 https://github.com/TyXe-BDL/TyXe 
 BNN implementation using JAX 
 https://neptune.ai/blog/bayesian-neural-networks-
with-jax 
 TensorFlow Probability 
 https://www.tensorflow.org/probability  

http://www.julyanarbel.com
https://github.com/aleximmer/Laplace
https://github.com/TyXe-BDL/TyXe
https://neptune.ai/blog/bayesian-neural-networks-with-jax
https://neptune.ai/blog/bayesian-neural-networks-with-jax
https://neptune.ai/blog/bayesian-neural-networks-with-jax
https://www.tensorflow.org/probability
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Theory about the BDL posterior distribution
Frequentist properties of the posterior for large sample size n 

Nonparametric regression (Kohler and Langer, 2021; Castillo and Egels, 2024) 

Multiclass classification (Bos and Schmidt-Hieber, 2022) 

Study of spike-and-slab priors (Polson and Rockova, 2018; Jantre et al., 2024) 

General priors (Lee and Lee, 2022; Kong and Kim, 2024) 

Deep Gaussian processes (Finocchio and Schmidt-Hieber, 2023;  
Bachoc and Lagnoux, 2025; Castillo and Randrianarisoa, 2024) 

Variational approximations to BNN posteriors (Bhattacharya and Maiti (2021);  
Bhattacharya et al. (2020)

http://www.julyanarbel.com
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Why Bayesian deep learning matters?
BDL has shown potential in a range of critical application domains: 
  

• healthcare (Peng et al., 2019; Abdar et al., 2021b) 
• single-cell biology (Way and Greene, 2018), 
• drug discovery (Gruver et al., 2021; Klarner et al., 2023), 
• agriculture (Hernandez and Lopez, 2020), 
• astrophysics (Soboczenski et al., 2018; Ferreira et al., 2020),  
• nanotechnology (Leitherer et al., 2021), 
• physics (Cranmer et al., 2021), 
• climate science (Vandal et al., 2018; Luo et al., 2022), 
• smart electricity grids (Yang et al., 2019), 
• wearables (Manogaran et al., 2019; Zhou et al., 2020), 
• robotics (Shi et al., 2021; Mur-Labadia et al., 2023), 
• autonomous driving (McAllister et al., 2017). 

http://www.julyanarbel.com
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Semantic segmentation

Kendall et al., 2017

http://www.julyanarbel.com
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Improvements in healthcare

Kendall et al., 2017(Bouchiat et al., ICML 2024)

BDL can yield better predictions and uncertainty estimates, and lead to recommendations  
that are more interpretable for medical practitioners.

http://www.julyanarbel.com
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Large language models

(Onal et al., 2024)

Combination of Low-Rank Adaptation (LoRA) with Gaussian Stochastic  
Weight Averaging (SWAG) for LLMs fine-tuning on small datasets

http://www.julyanarbel.com


Priors

Applications

Posteriors

Teaching



Julyan Arbel, Inria Grenoble

Probabilistic Machine Learning by Kevin P. Murphy

!

http://www.julyanarbel.com
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ICML 2024 https://arxiv.org/abs/2402.00809

Bayesian methods are more critical than ever in the age of large-scale AI 
in order to reliably assess uncertainties and incorporate existing knowledge in safety-
critical decision-making algorithms.

http://www.julyanarbel.com
https://arxiv.org/abs/2402.00809
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Bayesian deep learning textbook - 2026 "
Large collaborative effort by a ‘BDL consortium’ of 100 researchers from various institutions

Part 1: Sampling methods 
Part 2: Laplace approximations 
Part 3: Variational inference 
Part 4: Ensemble methods 
Part 5: Kernel methods 
Part 6: Priors  
Part 7: Identifiability and symmetries  
Part 8: Scalability with BDL and of BDL 
Part 9: Applications 
Part 10: Topical developments 

http://www.julyanarbel.com
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Bayesian deep learning: take-home

http://www.julyanarbel.com


Julyan Arbel, Inria Grenoble

Bayesian deep learning: take-home

Models that can say: “I’m not sure” 
Not necessarilly the best accuracy, but good decisions associated with utilities

http://www.julyanarbel.com


Julyan Arbel, Inria Grenoble

Bayesian deep learning: take-home

Strengths of BDL  

• Uncertainty Quantification 
• Data Efficiency 
• Adaptability, Interpretability 

Weaknesses of BDL  

• Scalability for posterior computation 
• Prior specification

Models that can say: “I’m not sure” 
Not necessarilly the best accuracy, but good decisions associated with utilities

http://www.julyanarbel.com
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Bayesian deep learning: take-home

Strengths of BDL  

• Uncertainty Quantification 
• Data Efficiency 
• Adaptability, Interpretability 

Weaknesses of BDL  

• Scalability for posterior computation 
• Prior specification

Models that can say: “I’m not sure” 
Not necessarilly the best accuracy, but good decisions associated with utilities

Workflow 

• Choose a prior 
• Choose an approximation method 
• Choose an implementation

http://www.julyanarbel.com
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• Mariia Vladimirova, Jakob Verbeek, Pablo Mesejo, and Julyan Arbel.  
Understanding Priors in Bayesian Neural Networks at the Unit Level. ICML, 2019. 

• Mariia Vladimirova, Stéphane Girard, Hien D Nguyen, and Julyan Arbel.  
Sub-Weibull distributions: generalizing sub-Gaussian and sub-Exponential properties to 
heavier-tailed distributions. Stat, 2020. 

• Mariia Vladimirova, Julyan Arbel, and Stéphane Girard.  
Bayesian neural network unit priors and generalized Weibull-tail property. ACML, 2021. 

• Mariia Vladimirova, Julyan Arbel, and Stéphane Girard.  
Dependence between Bayesian neural network units. BDL workshop, NeurIPS, 2021.

• Theodore Papamarkou et al. 
Position Paper: Bayesian Deep Learning in the Age of Large-Scale AI. ICML, 2024.

• Julyan Arbel, Konstantinos Pitas, Mariia Vladimirova, and Vincent Fortuin.  
A primer on Bayesian neural networks: review and debates. Statistical Science, 2024. 
https://arxiv.org/abs/2309.16314

References Thank you for your attention!

http://www.julyanarbel.com


Julyan Arbel, Inria Grenoble
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